Remote sensing provides a practical means by which coral reefs and their associated communities are commonly mapped. The availability of spectral information is a key determinant of the detail discernable in the mapping process and consequent detail presented in output maps. Testament to this is the increasing utility of hyperspectral sensors, which typically yield datasets of higher resolution, spectrally continuous wavebands. Image classification algorithms distinguish between the different and unique reflectance characteristics of target features. While the availability of more wavebands provides the opportunity to apply analysis techniques that treat the data as spectrally continuous, such a large number of data dimensions also present a considerable computing burden. Through multiple discriminant function analysis, this paper identifies an optimal subset of wavelengths for resolving the reflectance of key terrestrial and marine coverages at the Al Wajh Barrier reef system, Saudi Arabia, Red Sea. The goal of such analysis is to facilitate the processing of high resolution, spectrally continuous remote sensing data of coastal landscapes.
Introduction
Remote sensing instruments provide a synoptic portrait of the Earth's surface by recording numerical information on the radiance measured from a series of picture elements (pixels) across a number of spectral bands [1] . Contemporary coral reef mapping is commonly achieved using optical remote sensing technology. Producing a map from remotely sensed imagery involves assigning pixels to * E-mail: smh61@cam.ac.uk classes of interest through the discrimination and isolation of the unique spectral reflectance properties of coral reef benthic communities. When a surface is illuminated by electromagnetic radiation, the incident energy can either be reflected, absorbed within the material or transmitted through it. Reflectance is the ratio of the total radiant flux reflected by a surface to that incident upon it, which is a wavelength dependent property. Different surfaces will absorb light of different wavelengths to differing proportions depending on a range of factors, such as the electronic and vibrational properties of their constituent atoms, or their potential absorption of light for photosynthesis. Hyperspectral sensors typically sample many narrow sections to provide a contiguous coverage across the spectrum [2] . They generate datasets that typically contain hundreds of spectral bands; they have a spectral resolution (centre wavelength divided by the width of the spectral band) on the order of 100 and are composed of contiguous and narrow regularly spaced spectral bands, leading to a continuous spectrum for each pixel [3] . In doing so, they enable the unique spectral response of a target, that is the amount of light reflected by a surface at different wavelengths, to be recorded. Figure 1 illustrates the spectral reflectance curves of some common coastal land coverages. Spectral resolution (the number and width of spectral bands) is more important than spatial resolution for discriminating between reef communities in the mapping process [4, 5] . Several well-placed, narrow (10 nm) spectral bands are necessary to detect subtle differences in reflectance between some reef communities, e.g. seagrass vs. algal beds, coral vs. algae, brown algae vs. green algae [6] . Separation of benthic assemblages on coral reefs therefore necessitates selection of a band combination that emphasises distinct spectral characteristics that are apparent in the visible section of the electromagnetic spectrum, i.e. between 400 and 700 nm. Several studies have isolated single wavelengths or portions of the electromagnetic spectrum that may be useful for distinguishing between features of interest in a coral reef environment [6] [7] [8] . While previous studies have concentrated on subsurface features, this study incorporates ground coverages from both terrestrial and benthic surfaces as the scope of many mapping campaigns covers the wider coastal zone. Such a study has utility for coastal managers working with remote sensing datasets in tropical, arid environments.
Remote sensing data are often collected using instruments that are mounted on satellite or aircraft platforms, as a result of the wide ranging aspect they afford. With such a broad spectral and spatial extent, hyperspectral remote sensing datasets incorporate a considerable amount of data and it is often beneficial to reduce their dimensionality while preserving the information that they hold. Correlation between the adjacent spectral bands in a remotely sensed image implies redundancy, which can be minimised by reducing the dataset to a number of key bands that optimise the differences between the reflection spectra of targets, facilitating their differentiation. The aim of this study is therefore to detect subtle and unique features characteristic of common coastal benthic coverages from in situ spectroradiometric measurements using derivative methods and multivariate discriminant function analysis. In doing so, to determine a subset of wavelengths that best discriminates the coastal habitats of the Al Wajh Barrier system, using techniques that make efficient use of the power of hyperspectral datasets by treating them as truly spectrally continuous data [9] .
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G. H. Associated dataset have been found to achieve reductions of 99.4% (i.e. from 2100 hours to 12.5 hours across a set of 150 flight strips) in processing time for a simple procedure, such as image atmospheric correction. It should be noted that spectral closure must be achieved between remotely sensed image data and field collected spectra, i.e. removal of the influence of the atmosphere and water column on light transfer, prior to the application of reduction techniques.
Study site
The study focussed on the coastal habitat of the Al Wajh barrier reef system, in the Eastern waters of the Saudi Arabian Red Sea (36°45'E, 25°36'N). The Bank itself forms a continuous line of reef stretching for about ca. 100 km, enclosing a lagoon of approximately 1400 km 2 that is flushed through several narrow channels. Associated shallow water landforms, particularly those afforded shelter inside the lagoon (islands, reef patches and ridges) support a wide range of benthic assemblages. Figure 2 illustrates some of the benthic coverages at Al Wajh, which each have unique spectral reflectance curves that have been found to be distinguishable in tropical regions such as the Caribbean and worldwide [6, 7] . Klecka (1980) summarised discriminant factor analysis in terms of pixel clusters in multidimensional feature space. Collectively, if group centroids define a space with one less dimension than the number of points, the coordinate axes that define this space can be placed anywhere, although a convenient point of origin is the position where the total set of data cases has its mean on each of the axes [10] . In the context of coral reef habitat mapping, discriminant factor analysis (DFA) examines the differences between benthic assemblages found in coral reef environments with respect to their spectral reflectance in simultaneous wavebands. A data case is therefore a record of a pure coastal benthic coverage and the bands of spectral reflectance associated with it. An axis can be placed at an angle such that the group means on this axis are more separated than they would be for any other angle. This represents the canonical discriminant function of the dataset and has a considerable deal of intuitive meaning. The aforementioned goal of this study is to identify the relative contribution of the independent variables to group separation and find the optimal plane on which the points can be projected to illustrate the clusters associated with each assemblage in feature space. This is achieved using a set of discriminant functions, mathematical equations that combine group characteristics in a way that will identify which group a case most closely resembles [11] . Statistical diagnostics determine how well the cases discriminate and which characteristics are the most powerful discriminators. Grouped cases and their associated variables are presented concisely as matrices. A cross-products, or correlation matrix, T, is calculated by applying Equation (1) across each combination set of variables. Points that do not fall on the diagonal in the resultant matrix summarise how the points are spread out around the total space defined by all the variables.
Multiple discriminant factor analysis
where: g = number of groups, n k = number of cases in group k, n = total number of cases over all groups, x ikm = the value of variable i for case m in group k, x ik = the mean value of variable i for all those cases in group k, x i = the mean value of variable i for all cases (grand or total mean).
To obtain a variance from a sum of squares and a covariance from a sum of products, the degrees of freedom value (n-1) is used as a divisor for each matrix element. This forms a matrix expressing the covariation between the two variables. The variance in each spectral band is proportional to the scatter of points in a direction parallel to the axis representing that variable, whereas covariance defines the shape of the ellipsoid enclosing the scatter of data points [2] . This formula can be applied at a within-cluster scale to produce the within-group matrix, W, to measure the deviations from the mean of the group to which the case belongs, as opposed to the total group mean. Where multiple groups exist, the degree of dispersion within the groups will be less than the total dispersion. This betweengroups sum of squares and cross products can be represented in a third matrix, B (B=T-W), and thought of as a measure of how discrete the groups are. Eigenvalues can be determined by solving a series of simultaneous equations defined below [12] :
where: λ = lambda is the eigenvalue (the length of the eigenvector), v's = a set of p coefficients, b's = between groups sums of squares and cross products, w's = within groups sums of squares and cross products. Each solution yields its own λ and set of v's and corresponds to one canonical discriminant function, a linear combination of the discriminating variables:
F km = the value (score) on the canonical Discriminant function for case m in the group k; X ikm = the value on the discriminating variable X i for case m in group k; u i = coefficients which produce the desired characteristics in the function. The coefficients (u's) are derived for the first function so that the group means on the function are as different as possible. The coefficients for the second function are also derived to maximise the differences between the group means, but under the added condition that values in the second condition are not correlated with values on the first function. When the linear combination is applied to the points, it projects them onto a single line of optimum separation of the groups.
Methodology

Collection of field spectra
Radiance spectra of a range of benthic assemblages were collected with a TRIOS Ramses ARC radiance sensor. Sample sites were chosen that hosted a wide range of benthic assemblages in water depths ranging from 0-4 m. Metadata for each sample site was recorded on a spectrometer data log sheet to aid subsequent interpretation. A dataset of spectral signatures was derived for ten habitat types (Table 1) . The sensor head was operated by a diver underwater, while the sampling was controlled by an operator on a surface boat, with the radiance being converted from an analogue to digital signal and transferred via a power cable to a laptop on the boat. The spectrometer collected light in the wavelength range 350-905 nm, with an optical resolution of ∼5 nm. The sensor had a 7 degree field of view and was held at a distance of 10 cm from the target of interest, to sample a circle of radius ∼3.7 cm. The head of the sensor was pointed downward at an angle of 45 degrees to the desired specimen to capture the spatial variability in radiance for benthic substrates, whilst ensuring incoming radiance was sampled from the target of interest as opposed to adjacent objects [13] . Measurements were taken across an integration time of 63ms and 5 replications were taken of each benthic assemblage within each sample site. Spectra were collected from a number of different sample sites to encompass natural variation in optical properties. A reference panel was used to estimate incident downwelling irradiance (E d (λ)), due to its high and flat reflectance over an optical range. Reflectance was then calculated as the ratio of spectral upwelling radiance to downwelling irradiance at a given wavelength. This assumed that both the panel and benthic surfaces reflected equally in all directions (i.e. were Lambertian reflectors):
An incident irradiance panel measurement (E d (λ)) was taken prior to each target radiance measurement as close in time as was practical. Radiance measurements (E u (λ)) were then converted to reflectance (R(λ)) to adhere to standard expression of optical properties.
Derivative Analysis
Waveband first and second derivatives were calculated using the derivatives computation tool from the Spectral Analysis and Management System (SAMS, version 2). SAMS calculates a derivative, s' by taking the first discrete derivative of the previous band, s:
where s(w k ) is a reflectance value at wavelength K.
The discriminant function model
The discriminant function analysis was performed using SPSS software and was carried out on each of the separate datasets for the reflectance spectra, their first and second-order derivatives. Radiance data across 128 wavebands for 140 cases were grouped into 10 types of benthic assemblage and presented concisely in matrix notation. To build a model of discrimination, individual wavelengths were chosen by a forward stepwise selection process based on calculations of their respective P-values resulting from successive multivariate partial-F tests (P<0.05). The discriminant (or canonical) functions were calculated as linear combinations of the wavelengths or bands that best separated the classes.
Model diagnostics
The strength of discriminant functions was assessed via their corresponding eigenvalues and Wilks' lambda, the eigenvalues reveal the percentage of variance explained by each function, whilst the Wilks' lambda is a measure of how well each function separates cases into groups. Eigenvalues are a measure of the Pearson's correlation between the discriminant scores and the groups and can be interpreted as the relative efficacy of each discriminant function. Wilks' lambda is effectively the Solution to Equation (2) and is commonly reported alongside the proportion of the total variance in the discriminant scores not explained by differences among the groups. As a second step, functions were plotted against each other to enable visual assessment of their discriminating power relative to the positions of the group centroids. Classifications were carried out on each dataset and their success was assessed by comparing the a posteriori classification of the spectra to their a priori membership, and calculating their classification success. 
Results
Reflectance, first and second derivative spectra for carbonate sand, seagrass, soft coral, brown coral, calcareous algae, fleshy algae, mangrove and Zygophyllum decumbens are shown in Figures 3-5 . To adequately separate out the coverages, the datasets were reduced from 128 bands to 7, 9 and 9 discriminant functions for the reflectance, first and second derivative datasets respectively.
Seven discriminant functions accounted for 100% of the variability in the reflectance dataset. The relative efficacy of these functions was demonstrated by the eigenvalues, which explained 51, 20 and 13% of the variance for functions 1, 2 and 3 respectively, amounting to 84% of the to-tal variation (appendix 1). The Wilks' Lambda value also suggested that the first three functions were excellent and significant (p<0.000 in all three cases) group separators, leaving none of the variation unexplained. In the first derivative dataset, ten functions accounted for all dataset variability, with 96.3% of the cumulative variance explained by the first four functions, indicated by the eigenvalues. As with the raw reflectance, Wilks' lambda values showed that the variation in the first four functions was fully explained by the differences among the dataset groups.
As with the first derivative dataset, ten discriminant functions accounted for 100% of the variability in the second derivative dataset. Eigenvalues indicated that 51, 20 and 14% of the variance was explained by functions 1, 2 and 3 respectively. The Wilks' Lambda values indicated that the first three functions separated the data well into groups, leaving no variation unexplained, each with a high significance level (p<0.000 in each case). Such high significance levels indicate high probabilities of the functions discriminating the group better than chance. Each dataset was projected onto a plane that best distinguished the groups as verified by the ground truthing data ( Figure 6) . Group membership was then predicted using the functions defining this plane and the classification success was determined by comparing the a posteriori classification of the spectra to their a priori membership. The raw reflection dataset remained clumped in the discriminant function space, as was apparent from the comparatively low classification accuracy.
FUNCTION
For the first derivative dataset, function one effectively separated out sand from the remaining classes, while the second function separated calcareous algae and soft corals from the rest of the groups, with mangroves grouping toward the lower end of this axis. Of the three datasets, the first derivatives also resulted in the highest classification accuracy (95.9%) for predicting group membership.
Like the first derivatives, the biplot of the second derivative dataset separated out sand from the remaining habitat classes along the axis of the first function, whereas the second function plotted out the other classes relatively evenly. The classification accuracy for the discriminant functions of this dataset was 94.9%.
Discussion
The spectra collected and their derivative counterparts were similar to those reported elsewhere for coral reef benthic assemblages, both in terms of the range of absolute reflectance values and the shape of their spectral curves [6] . Overall, there was high variability between the spectra of the different benthic coverages, which each had their own unique reflectance curve shape. This indicated the suitability of this region of the electromagnetic spectrum for resolving the different coverages. The sand spectra had the highest reflectance values and the least variation in shape.
A dip around the 658-662 region and a peak around 696 nm is characteristic of the "red edge" of photosynthetic organisms that utilise chlorophyll a, which was apparent in the majority of the spectra collected. Despite manifesting itself differently in the raw reflectance, first and second derivative bandsets, this correspondence was identified as a key area for discriminant functions.
All three datasets reduced substantially to subsets that could reliably classify the coverage group defined in the input signatures. In each case, the number of functions defined was less than 10% of the input variables, suggesting multiple discriminant analysis to be an effective means of spectral reduction. The selected wavebands encompass a relatively broad range of the spectrum sampled, which could be a consequence of the condition that subsequent functions defined in the stepwise selection process are not correlated with previous functions. The raw reflectance dataset was reduced to seven functions, whilst the other two datasets were reduced to ten. Although this represented a comparatively large reduction, the accompanying classification accuracy was lower than the derivative datasets.
The wavelengths of the bands identified coincided with regions of the spectrum identified by other studies as holding useful information for discriminating coral reef benthic assemblages [6, 7] . Additional longer wavelength bands identified towards the red end of the spectrum arise from the inclusion of terrestrial vegetative classes such as mangrove and shrubs. The first derivative dataset overlapped the most with the wavelengths identified in these studies and emerged as the most appropriate waveband subset, given that it also had the highest classification accuracy (95.6%).
The biplots suggested that the most distinguishing feature among the benthic groupings was the markedly higher absolute reflectance values for the sand group, as was to be expected.
Prior to analysis, it is important to ensure that the assumptions for multiple discriminant analysis are met in a robust manner. While moderate departures on these ideal conditions do not have a serious effect on results [14, 15] , it has been emphasised that the assumption of multivariate normality is unlikely to be satisfied in reality [16] . When class sample sizes are small compared with the dimension of the measurement space, covariance matrix estimates become highly variable and the discriminant score can become unduly weighted by small eigenvalues. This could exaggerate the importance of low-variance subspace spanned by eigenvectors corresponding to the smallest sample eigenvectors, a bias pronounced when the population eigenvalues tend toward equality [17] . Nevertheless, discriminant analysis is thought to be a robust technique that can tolerate some deviation from assumptions, as has been found to be the case elsewhere [18] .
Spectral distinction is present in the ten benthic assemblages across the visible wavebands that penetrate water. This is important if findings are to be used to support airborne remote sensing campaigns in mapping benthic assemblages through a water column at the landscape scale. The combination of spectral derivative and multiple discriminant function analysis can successfully define wavelength regions that would be ideal for discrimination of coastal communities at the Al Wajh Barrier reef. Treating data as truly continuous through the use of derivatives allows access to information that is often suppressed by standard analysis methods. In turn, this has been found to lead to greater accuracies of classification, possibly because derivatives of second or higher order should be relatively insensitive to variations in illumination intensity caused by changes in cloud cover, sun angle, or topography [7] .
